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Abstract
Following patients with chronic sleep disorders involves multiple appointments between doctors and patients which often results
in episodic follow-ups with unevenly spaced interviews. Speech technologies and virtual doctors can help improve this follow-up.
However, there are still some challenges to overcome: sleepiness measurements are diverse and are not always correlated, and most past
research focused on detecting instantaneous sleepiness levels of healthy sleep-deprived subjects. This article presents a large database
to assess the sleepiness level of highly phenotyped patients that complain from excessive daytime sleepiness. Based on the Multiple
Sleep Latency Test, it differs from existing databases by multiple aspects. First, it is composed of recordings from patients suffering
from excessive daytime sleepiness instead of sleep deprived healthy subjects. Second, it incites the subjects to sleep contrary to existing
stressing sleepiness deprivation experimental paradigms. Third, the sleepiness level of the patients is evaluated with different temporal
granularities - long term sleepiness and short term sleepiness - and both objective and subjective sleepiness measures are collected.
Finally, it relies on the recordings of 94 highly phenotyped patients, allowing to unravel the influences of different physical factors (age,

sex, weight, ... ) on voice.

Keywords: Sleepiness measurement and detection, Innovative healthcare, Read speech

1. Introduction
1.1. Motivations

One of the major challenges for diagnosing and treat-
ing neuro-psychiatric pathologies is symptom quantifica-
tion and follow-up of chronic patients in order to adapt
treatment and measure early relapses. Such an ecological
monitoring is possible thanks to connected medical devices
(measuring for instance weight, blood pressure or physical
activities) but crucial information about how the patients
report clinical symptoms like fatigue or sleepiness are dif-
ficult to measure. Regular in-person appointments between
doctors and patients are useful but miss a large part of
variability of symptoms at home in response to treatment.
Furthermore, the growing number of patients increases the
queuing time and often results in episodic follow-ups with
unevenly spaced interviews.

Apart from the clinical interviews, it is nonetheless possi-
ble to measure some symptoms (e.g. sadness or sleepiness)
with a range of behavioural analysis techniques: looking at
eye movements and examining verbal expressions or body
movements (Poursadeghiyan et al., 2018; [Khan and Man-
soor, 2008). Thanks to recent advances in speech process-
ing, it seems now possible to detect precise cues in voice
allowing to characterise the state of a speaker. This could
potentially allow to measure the level of sleepiness, fatigue
or sadness (Cummins et al., 2018)). This method has mul-
tiple advantages as recording voice data is not invasive and
it neither requires specific sensors nor complex calibration
processes. It can thus be set up in various environments,
outside laboratories, and allows regular and non-restrictive
monitoring of patients.

It has already been shown that a virtual doctor using a semi
structured interview as a diagnostic tool is well accepted
by the patient (Philip et al., 2017). We wish to complete
the analysis carried out using this method by recording the

voice of the patients to determine their level of sleepiness.
However, there are a few challenges to overcome to suc-
cessfully reach that goal. Several subjective and objec-
tive methods have been designed to measure instantaneous
sleepiness but they do not necessarily measure the same
dimension of a common complaint (Shahid et al., 2011}.
Fatigue, depression and sleepiness can also be clinically
misclassified unless a physician makes a clear investigation
of the three previous symptoms which is quite difficult be-
cause of frequent co-morbidities. Finally, previous research
on automatic detection only aimed at estimating instanta-
neous sleepiness for sleep-deprived healthy subjects. The
most commonly used ones are presented and discussed in
the next section.

1.2. Existing databases

The Sleepy Language Corpus (Schuller et al., 2011) - SLC
- is the most used corpus on sleepiness detection through
voice (Cummins et al., 2018; Martin et al., 2019). It con-
sists of multiple speech tasks conducted in parallel of other
sleeping-deprivation studies. The speakers are 99 German
volunteers and the 9089 corresponding speech samples are
mainly in German (or sometimes in English). The vocal
tasks range from sustained vowels to spontaneous speech,
including reading of novels or air traffic control commands.
The sleepiness level of the speakers is labelled by the mean
of three Karolinska Sleepiness Scale - KSS (Akerstedt and
Gillberg, 1990), one filled by the subject and two by trained
external annotators. Setting the KSS limit between Sleepy
(SL) and Non-Sleepy (NSL) samples to 7.5, the two classes
are quite imbalanced (resp. 35% and 65% of the database).
This imbalance probably comes from the experimental de-
sign that incites the subjects to maintain wakefulness: as
they are in a stimulating environment (with driving tasks
among others), subjects tend to stay awake and fight sleepi-
ness. More information about the experimental setup of the
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recordings can be found in (Krajewski et al., 2009; |Golz et
al., 2007)). For extensive details about the dataset and the
different experiments composing it, we invite the reader to
see (Schuller et al., 2013).

Other databases are mostly used only by the authors who
provided them. We will therefore not describe them in
details but two examples are worth mentioning. First, a
study conducted with 55 sleep-deprived American healthy
subjects who were asked to freely answer open ques-
tions (McGlinchey et al., 2011). Their sleepiness level was
self-evaluated using the Stanford Sleeping Scale (Hoddes
et al., 1973). Another study recorded read speech from 22
French sleep-deprived subjects, evaluating their sleepiness
using Electroencephalography (EEG) (Boyer et al., 2016).
Although very interesting results have been drawn from
all these databases, leading to the possibility to assess the
sleepiness level using voice recordings, most of the cited
studies focused on analysing speech from sleep-deprived
healthy subjects. Our goal is however quite different since
we investigate patients suffering from sleepiness troubles
which are related to long-term or chronic diseases. That
is why none of the above-mentioned databases seem to be
suited to our purposes, for the following reasons.

First, they rely on few subjects: except those using the SLC,
only one study (McGlinchey et al., 2011} presents results
over a quite large database (55 subjects). Since there are nu-
merous factors that may influence speech while being unre-
lated to the sleepiness level (i.e. age, sex, weight, neck size,
...), an important number of speakers is needed to take into
account all these parameters and the inherent variability of
the general population.

Second, the sleepiness level is mostly evaluated using a sin-
gle measurement, be it the KSS as in the SLC, the Stand-
ford Sleepiness Scale (McGlinchey et al., 2011} |[Krajewski
and Kroger, 2007), the Karolinska Drowsiness Test (Boyer
et al., 2016) or Electroencephalography (EEG) (Golz et al.,
2007; Dhupati et al., 2010; Boyer et al., 2016; [Sparrow et
al., 2019). Not only few studies collected both objective
and subjective sleepiness measures, making complicated to
establish their respective influence on voice, but the diver-
sity of the scales curbs the comparison between the results.
Finally, all of these studies are based on sleep deprivation,
that does not comply with ecological conditions. More-
over, this paradigm usually tends to create imbalances in
the sleepiness level of the patients. Indeed, previous efforts
of our team to estimate objective sleepiness from voice in-
cluded the construction a corpus based on the Maintenance
of Wakefulness Test (Mitler et al., 1982) - MWT - with 71
patients. Using this preliminary dataset did not allow us
to carry on successful experiments on the determination of
vocal biomarkers. As a matter of fact, this experimental
design incited the patients fight against sleep, leading to a
low percentage of sleepy patients (less than 15%). More-
over, a saturation effect appeared on 62% of the recordings
because the subjects did not fall asleep at all.

1.3. Towards a new recording protocol

To study the link between voice and objective and subjec-
tive sleepiness on patients suffering from excessive daytime
sleepiness, and to ensure having enough sleepy patients in

this dataset and get more relaxing conditions during the
recordings, we wish to apply a new experimental record-
ing procedure based on the Multiple Sleep Latency Test-
MSLT (Littner et al., 2005)). Since this test encourages sub-
jects to sleep, we expect them to start falling asleep more
easily and thus have a more balanced dataset. Instead of
investigating vocal biomarkers of the fight against sleep in-
ducing the wakefulness system, our experimental design
should highlight vocal clues involving the sleep onset sys-
tem. The MSLT procedure does not induce stress, which
could also modify the voice expression of the patients. In
fact, they are recorded in a familiar environment (they ar-
rive the day before the experiment) and the reading tasks
are selected such as to not induce stress.

The database should provide sleepiness measurements at
different time granularities, with objective and subjective
measures. On the one hand, it should give long term mea-
surements, using self-reported questionnaires on the sleepi-
ness habits of the patients. On the other hand, it should give
instantaneous measures of sleepiness such as Polysomno-
graphic measures (the objective MSLT measure), or the re-
sults of questionnaires (the KSS or the Cartoon Faces Ques-
tionnaire (Maldonado et al., 2004) for example). Finally,
the patients should be highly phenotyped, allowing to un-
ravel the influence of the individual factors on voice and to
use subgroups of sleep disorders if necessary.

To answer these questions, we describe in this paper the
details of the creation of our new databases and provide
some insights pertaining to its additional contents (medical
data, etc.)

This paper is thus structured as follows. In Section [2.| we
provide a description of the MSLT database and the MSLT
procedure. In Section 3] we present and justify our choice
for the texts used in the reading tasks. Sectiond] provides
an overview of the database and discussion about the ob-
tained results is made in Section [5] Finally, conclusions
and future work are presented in Section[6.]

2. Presentation of the database
2.1. Description of the MSLT database

The MSLT database has been elaborated and is collected
at the Bordeaux University Hospital Sleep Clinic, France.
All the recorded patients suffer from of excessive daytime
sleepiness or nocturnal breathing disorders. A summary of
the database is presented in Table[2]

2.1.1. Procedure of the MSLT

The procedure of the MSLT is the following. The patients
are welcomed the evening prior to the exam for a first night
of polysomnography. The day of the exam, they are asked
to take a nap every two hours at 9am, 1lam, 1pm, 3pm
and S5pm. Approximately ten minutes before the begin-
ning of the exam, the voice of the patients is recorded and
they fill the Karolinska Sleepiness Scale Questionnaire -
KSS (Akerstedt and Gillberg, 1990). After completing the
Cartoon Faces scale, lights are switched off and the test be-
gins. The patients have a 20 minutes period to fall asleep: if
they stay awake during this period, the test is terminated. If
they fall asleep, the recording is extended for a 15 minutes
period. After that the lights are turned off, one epoch of
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Figure 1: Typical time table of a patient during the record-
ing of the MSLT database.

any sleep stage is required to define sleep onset
lal., 2005). The maximum length of the sleep onset period
being 20 minutes, all the MSLT values are under or equal to
20 minutes. This procedure is summarised in the Figure[T]

2.1.2. Recording procedure

Each patient reads six different texts that are the same at
constant session. These texts are presented in Section [3]
The first text is read during the reference recording (Session
0, see Figure |I|), carried out the day before the exam around
6pm, time at which the circadian cycle is at its apex (Sedg-]
wick, 1998). This recording allows the patient to famil-
iarise with the procedure and the material, after having be-
ing informed of all the details of the experiment and signed
a consent form. The recording procedure is the following.
First, the patients are asked to quietly read the text, to ac-
quaint themselves with the content of the text. Second, the
patients fill the KSS questionnaire. Third, they are asked
to read the text aloud and their voice is recorded. This pro-
cedure is the same for each iteration of the test. All the
recordings are made in the room in which the patient takes
the test, with an omni-directional Audio-technica AT4022
microphone connected to a Tascam DR-100 MKIII audio
recorder. To ensure minimum alteration of the recordings
due to environment and position of the vocal apparatus, the
patients are either in their bed or installed at their desk, the
positions of the patient and the microphone being the same
for all the iterations.

~2min Quiet reading

= 1min K SSfilling

& 2min Reading aloud and recording
5-10 min

= 1min Cartoon face asked by medical assistant

Figure 2: Detail of the procedure to record the voice of
patients before a MSLT iteration

This procedure is summarised in Figure 2] This leads to a
total of 12h 6min and 1s of audio recordings in our corpus
(resp. 10h 18min 2s without the session 0).

3. Read texts

This section presents the choice of the tasks chosen to
record voice of the subjects and justify the choice of the
texts.

3.1. Reading tasks

As our subjects are patients, they could have untreated hy-
persomnia. This could lead to difficulties to catry out tasks
involving a high cognitive load. As reading has a lower
cognitive load than spontaneous speech
M}), we choose to focus on reading tasks. Furthermore,
such a task assures valid comparison between patients since
all the patients are asked to read the same texts. The record-
ings should also be less contaminated by emotions com-
pared with spontaneous speech.

3.2. Choice of the texts

The texts have to be as neutral as possible regarding the
emotional state of the patients (neither boring nor too ex-
iting) to avoid an alteration of their sleepiness state. This
constraint is completed by the need of simple grammar and
vocabulary, allowing readers with different reading skills.
As it is already widely used in phonetic studies
[2002; [Goldman et al., 2016)), we choose extracts from Le
Petit Prince by Antoine de Saint-Exupéry. The first chap-
ters of the French version are truncated so as to be approxi-
mately 200 words long while keeping the coherence of the
meaning of the text. We thus extracted six texts correspond-
ing to the six iterations presented in Section 2.1 The texts
are printed with the Times New Roman font with a 15pt size
to ensure a good readability by all patients. Using this pro-
tocol, the length of the recordings varies between 50 sec-
onds and 2 minutes, depending on the reading capacities
of the subject (mean duration: 80.8 seconds, std: 21.5 sec-
onds).

3.3. Reading level of the patients in the MSLT
database

To take into account the reading skills of the patients and
the difficulties of the texts, the ELFE score (Evaluation de
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la Lecture en FluencE - Evaluation of the reading with flu-
ency) developed in (Cogniscience, 2008) is measured for
each reading. It consists on subtracting the number of mis-
takes not handled by the patient to the number of words
correctly read in one minute. The mean ELFE score of all
the patients depending on the text and the moment of the
day is represented in Figure [3] For each iteration, the ref-
erence of the session, the hour, the number of words and
the difficulty level of the texts (as estimated by the ratio
of the number of words containing more than two sylla-
bles over the total number of words) are specified on the
label of the horizontal axis. At first glance, we observe that
the variations of the ELFE score across the session is influ-
enced by the sex and the subjective sleepiness state (KSS).
These variations could however also be influenced by the
texts, which may not have the same difficulty level. To
study these different influences, we conduct a multivariate
ANOVA taking into account the KSS, the difficulty of each
text and the sex of the subjects to explain the variations
of the ELFE score. The influence of the session is dom-
inant (F = 49.0, p < 107'6), but the KSS (F = 2.4,
p < 1072) and the sex (cross-interaction between sex and
KSS,F=24,p<5x 10~2) also have an influence on the
ELFE score. We assume that the major differences between
the ELFE distributions across the experience are only due
to variations of subjective sleepiness and sex, the minor dif-
ferences in difficulty level having a negligible effect.
Furthermore, a Spearman’s p led to the conclusion that the
mean ELFE score is directly correlated to the social level
of the reader (p = 0.34, p = 0.0008). As women recorded
in this database have a higher social level than men (see
last line of Table @) the influence of the sex factor over
the ELFE score may be explained by a difference of social
level.

4. Medical data

Sleepiness estimation faces two main challenges. On the
one hand, as most our subjects are patients with Excessive
Daytime Sleepiness, their objective sleepiness measured by
EEG does not necessarily correlates with their perceptual
sleepiness. On the other hand, the temporal granularity
of the sleepiness estimation varies from one questionnaire
to another. To study the different parameters influencing
voice production, the database includes both subjective and
objective measures, at two different time levels: few min-
utes before the MSLT iteration (designated as MSLT itera-
tion scale) and the habits of the patients on several days or
weeks before the test (designated as Patients scale). As this
database has been elaborated in France, all the question-
naires mentioned in this article are in French. A summary
of the database is proposed in Table[2]

4.1. MSLT and subjective sleepiness scales

During the MSLT test, three sleepiness measures are col-
lected, then averaged over the five iterations (Session 1-5)
of the protocol explained in Section[2.T]]

4.1.1. Subjective sleepiness scales
Two perceptual questionnaires are filled by the patient dur-
ing the interview before each MSLT iteration: the KSS and
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Figure 3: Distribution of the ELFE score and the KSS by
hour plotted with Standard Error of Mean. X-axis labels:
first row: text; second row: hour; third row: total number
of words in the text; fourth row: ratio of difficult words in
the text.

Mann-Whitney tests (¥: p < 5 x 1072, #%: p < 1072, *¥%*;
p < 1073, sk p < 1074)

the Cartoon Faces. The KSS is a nine items questionnaire
going from 1: ’extremely alert’ to 9: ’Very sleepy, great
effort to keep awake, fighting sleep’ (resp. ’Tres éveillé¢’
and 'Tres somnolent, avec de grands efforts pour rester
éveillé, luttant contre le sommeil’ in French). It is the most
used sleepiness questionnaire in studies about influence of
sleepiness on speech (Schuller et al., 2019} |Schuller et al.,
2011) and has already be proved a confident measure of
subjective sleepiness (Akerstedt et al., 2014).

The Cartoon Faces Sleepiness Scale consists on five car-
toon faces reflecting five different states of sleepiness. It
has the advantage of not necessitating the comprehension
of any language and is easier and more intuitive to answer
when, for example, dealing with patient having severe sleep
disease.

4.1.2. Clinical Data (MSLT scale)

These two subjective measures are completed by the ob-
jective measure of EEG during the iteration of the MSLT,
providing the time needed by the patient to fall asleep after
the beginning of the test. In the following, this measure will
be denominated "MSLT iteration value’.
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Category of

Toronto & Hospital Alertness Test

Part A of ADHD
Self-Report Scale (ASRS)

Barcelona Scale

Hobson Scale

Anxiety and

Depression Hospital Anxiety and Depression scale

questionnaire Questionnaires Reference Description
\ Objective sleepiness measure
Time (in min) between beginning of
Sleepiness MSLT value (Littner et al., 2005) the test and sleeping onset
(0-20 min)
Subjective sleepiness measures (MSLT iteration scale)
KSS (Akerstedt and Gillberg, 1990) 9 items a'ﬁ‘f;;leepme“
Sleepiness
] 5 graphical items about sleepiness
Cartoon Faces (Maldonado et al., 2004) (0-4)
Subjective sleepiness and co-morbidity factors measures (Patient scale)
Epworth Sleepiness Scale (ESS) (Shahid et al., 2011/ p.149) 8 items ab"“‘(gf‘ﬁ;“e sleepiness
Insomnia Severity Index (ISI) (Shahid et al., 2011} p.191) 7 items a(t())(_);;;nsomma
Functional Outcomes of Sleep 10 items about the impact of daytime
Questionnaire-10 (Shahid et al., 2011/ p.179) sleepiness on activities of daily living
(FOSQ-10) (10-40)
Fatigue Severity Scale (FSS) (Shahid et al., 2011, p.167) 9 items (‘;bg';; fatigue
Sleepiness
Fatigue 10 items to measure alertness

(Shahid et al., 2011} p.391)

(Schweitzer et al., 2001)

(Guaita et al., 2015)

(Hobson et al., 2002)

(Zigmond and Snaith, 1983)

(0-50)

6 items about
attention-deficit/hyperactivity disorder
(0-24)

2 items about sleepiness
(0-6)

4 items about excessive daytime sleepiness
(0-16)

7 items about depression
7 items about anxiety

Lecture en FluencE (ELFE)

(0-21)
Cut-down, Annoyed, Guilty, 4 items about alcohol consumption
Alcohol Eye-opener Questionnaire (Shahid et al., 2011} p.415) (0-4) P
(CAGE)
Cigarette Dependence Scale, 5 items about cigarettes dependence
Cigarettes short version (Courvoisier and Etter, 2008) (§-2 5) P
(CDS-5)
Social level measures
Reading Level Evaluation de la (Cogniscience, 2008) Number of words read in one minute

minus the number of errors

Education level -

Years of study after the
- French Certificate
of general education

Table 1: Medical information (patient scale and MSLT iteration scale) collected for the database.

4.2. Medical questionnaires (Patient scale)

Multiple questionnaires and medical measures are collected
about the patient to take into account two aspects of the
challenge. On the one hand, all the physiological param-
eters that could affect the vocal production are measured
and integrated to the database. On the other hand, med-
ical questionnaires that allow the estimation of the differ-
ent components of sleepiness, fatigue and depression are
collected. These clinical measures are completed with a
Polysomnography the night preceding the exam, the collect
of the pathologies and the treatments that can affect voice

(psychostimulants, myorelaxants, ...) and diverse physio-
logical measures such as height, weight, age, neck size, ...
The clinical data collected anonymously in this study are
presented in Table

5. Discussion

The physiological characteristics of the patients and their
answers to the questionnaires are discussed below. In the
following, we distinguish between sleepy and non-sleepy
subjects according to the mean value of their MSLT iter-
ations. The typical value used by clinicians to make this
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Mean MSLT < 8 (SL)

Mean MSLT > 8 (NSL)

All

Questi ires
M F Both M F Both M F Both
\ Objective sleepiness measure
mean MSLT 5.0(1.9) 45(22) 4.8 (2.0) 129 3.7) 13.6 3.2) 13.4 (3.4) 9.8 (4.9) 12.3 (4.4) 113 (48
(0-20) Fokoksk Sk skkokk skokk sk *ogokk sk sk 3(4.8)
‘ Physiological measures
Number 5 8 23 23 48 71 [ 38 56 o4
Age 378(182)  299(67)  350(15.7) | 378(15.1) 361 (12.1) 366(132) | 37.8(164) 352(11.7) 363 (13.9)
Body Mass Index | 257(4.1)  256(57)  0@7 266 (48) 233 (60) 244(58) %2049 BOOO 94756
. 176 0.05)  1.64(0.06 178(0.05)  1.64(0.06 177(0.05)  1.64(0.06
Height (m) > (0.05) 1006 75 0.08) 8005 0060 1 69 (0.00) 70005 0060 1 69 (0.00)
‘ 758(154)  843(147)  624(135)  695(173)  823(142) 634 (144
Weight (kg) | 792(127) 693 (17.9) a4 3 (14.7) ¢ (13.3) ar3 3 (14.2) WD 007
. 41.8 (3.2) 36.1 (3.1) 39.8 (4.2) 41.8 (3.2) 35.6 (3.4) 37.6 (4.5) 41.8 (3.2) 35.6 (3.4)
Neck size (cm) % *5k * Sk Fokkk * Sk Fsk gk 38.1(4.5)
Cigarettes/day 1.5(3.4) 2.8(7.3) 206.0) | 15(4.0) 23 (6.3) 2067 | 15(38) 2.4 (6.5) 2.0 (5.6)
Alcohol glassesiday | 02 (0 0.0 (0.1) 0.1 (0.4) 06 1.1 0.1(0.3) 03 (0.7) 0409 0103 0.2 (0.6)
‘ Subjective sleepiness measures (MSLT iteration scale)
Me(al’f;ss 401D 52(1D 44(1.2) 46(1.5) 45(1.3) 45(1.3) 44 (1.4) 46(1.3) 45(1.3)
Mean C(‘g‘g‘)’" Faces |4 5 0.6) 1.8(0.5) 1.6 (0.6) 1.6 (0.6) 1.7 (0.6) 1.6 (0.6) 1.6 (0.6) 1.7 (0.6) 1.6 (0.6)
Subjective sleepiness and co-morbidity factors measures (Patient scale)
Fatigue 11 7 13 19 45 64 30 52 )
Snoring 3 3 6 7 10 17 10 13 23
Hypertension 3 2 5 5 2 7 8 4 12
Observed 4 2 6 6 7 13 10 9 19
Sleepiness Apnea
<§_SZ§) 149(5.1)  17946)  160(5.1) | 128(60) 14844  141(5.0) | 13.6(57) 15245  146(5.0)
(0%) 133(53) 14455 13764 | 160653)  151(53)  154(53) | 1495  150(53) 149 (5.4)
FOSQ-10
od0) 251(7.5  200@83)  233(@8.1) | 21.7(53) 213(15) 21468 | 23065  21.1(7.6)  219(7.2)
FSS 35.0/(10.7 399(12.6) 497 (104 494(11.0)  439(128) 493 (111
s 20D 490 (106) ) 0D 4930112 ) ) LD 471 21y
%gﬁ BIEY g5  FOEID 2T g 30D 4381 23161 23662
ASRS
o 109657 12145 113(63) | 13952 11849  125G.0) | 12766 11848  122(5.2)
Ba(r;fé‘)’“a 2.4(1.3) 24(1.3) 24(1.3) 2.2(0.9) 2.3(0.9) 2.3(0.9) 23(1.1) 2.3 (1.0) 2.3 (1.0)
Hobson
o 4324 59(32) 48(2.8) 38(2.5) 4123) 40(24) 40(24) 43 (2.6) 42025
HAD Depressi 45032 4637 7127 7.0 (4.1
Depressn 6D 45044 ) 2n 7.0 (4.6) GD 6132 67146 64D
HA%@K”W 6360 5034 69032 0.6 83(40) 8542 | 80(43) 8239  S1@&l
CﬁE 03(1.0) 02 (0.4) 03 (0.8) 0.7(09) 02 (0.6) 0.4 (0.7) 0.5 (0.9) 02 (0.6) 0.4 (0.8)
CDS-5
o 6.5(3.4) 7.1(5.6) 6.7 (43) 6.6(3.5) 73 (4.9) 7.0 (4.5) 65(3.5) 72(5.0) 7.0 (4.4)
Social level measures
Mean ELFE | 1762(31.0) 1762 (415) 1762350) 10790628 I8OGLY) —1g) 9336 1712624 1868E36) 15 534
Education level 39(22) 48(L4) 4200 4503) 5726 5326 4302 5529 5025

Table 2: Summary of the data collected for the database. The different colors represent the result of Mann-Whitney tests.
Green: Sig. Difference between sex ind. from the sleepiness level. Red: Sig. Difference between sleepiness group ind.

from the sex. Blue:

Difference between Sleepy and Non-Sleepy men
(¥1p <5 x 1072, %k p < 1072, %% p < 1073, %% p < 1074)
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distinction is set to 8 minutes. The responses to question-
naires are thus studied from two perspectives: the influence
of the MSLT group (mean MSLT iteration values < or >
8), the influence of sex, and their cross influence.

5.1. Population characteristics

Despite the application of the MSLT protocol, we still
have fewer sleepy subjects than non-sleepy ones (23 vs.
71). Since the recordings are on-going we will focus on
recording patients that could allow to have a more balanced
database. As patients are however highly phenotyped, we
can still observe differences between the two groups (SL
and NSL).

The average age of our patients is 36.3 years with a standard
deviation of 13.9. Our sleepy patients are slightly younger
than their non-sleepy counterparts (35.0 vs. 36.6) which is
due to a younger female sleepy population (29.9 average).

Sleepy patients are globally a little heavier (mean weight
75.8kg vs. 69.5kg) and have a higher neck size (39.8cm
vs. 37.6cm) and Body Mass Index (25.6kg.m~2 vs.
24.4kg.m~?) than their non-sleepy counterparts. Even if
these differences are statistically significant, they are small
and should not create biases. There are also differences
of height, weight, BMI and neck size between men and
women, that already exist in the natural population in
France (Verdot et al., 2013)). The same difference exists
concerning the alcohol consumption (Richard et al., 2019),
small but significant difference (0.4 glasses per day) is ob-
served between sleepy and non-sleepy men.

5.2. Subjective sleepiness (Iteration Scale)

Regarding the KSS, only a slight difference between men
(4.0) and women (5.2) is observed for the sleepy subjects
whereas a difference between Sleepy and Non-Sleepy dis-
tribution was expected. This could be due to a procedural
fault. Indeed, in (Horne and Burley, 2010), physicians in-
dicate that a five minutes settling down period is necessary
and sufficient to allow participants to be in correct condi-
tions to self-assess accurately their subjective sleepiness.
In that case, it correlates with EEG (objective) measures.
We assume that in the MSLT database, the patients do not
have the time to fully relax and be in these conditions. As
matter of fact, the KSS is filled between the two readings
of the texts (the first being quiet, the second being at loud
and recorded), i.e. less than two minutes after a change in
the activity of the subject. Moreover, the patients are under
time pressure when filling the questionnaire: they fill the
KSS under the supervision of the research assistant who
records the voice. This haste tends to not let patients take
the time they need to accurately self-evaluate their subjec-
tive sleepiness.

The same observations is made for the Cartoon Sleepiness
Scale: no differences is observed between the groups (sex
or level of sleepiness). The value being asked to the patients
less than five minutes after that they have been installed in
their bed, they do not have the time to self-evaluate accu-
rately their subjective sleepiness level.

Since our subjects are however patients suffering from ex-
cessive daytime sleepiness, our results are hardly compa-
rable to those of (Horne and Burley, 2010) who studied

healthy subjects.

Peculiar attention should be payed to this crucial but easy-
to-set up condition for the subjective sleepiness measures at
the iteration scale, which will confirm or infirm the correla-
tion between KSS and objective sleepiness on our database.
In addition all the patients are very sleepy and we might
not have enough patients to observe differences in subjec-
tive measures which can be affected by many factors (age,
weight, ...).

5.3. Subjective sleepiness and co-morbidity
factors measures (Patient Scale)

Almost all the subjects (82 over 94) declare to feel tired
(Fatigue item corresponding to the answer of the following
question: “Do you feel tired, exhausted or sleepy during
daytime ?”’) while only few are snorers or have already been
seen making obstructive sleepiness apnea.

The ESS score is not different for sleepy (16.0) or non-
sleepy (14.1) patients but all patients report very high level
of sleepiness with a trend for higher ESS scores in the SL
category. A larger sample size may have shown positive
results (Sangal, 1999).

The sleepy and non-sleepy patients also have the same
levels of insomnia (ISI 13.7 vs. 15.4), impact on ev-
eryday life (FOSQ-10, Hobson, Barcelona) and attention
deficit/hyperactivity disorder (ASRS 11.3 vs. 12.5).

A counter-intuitive observation is that sleepy men have
lower FSS (35.0) than their non-sleepy counterparts (49.7),
meaning that the latter feel more exhausted. Moreover, the
Toronto score is lower for non-sleepy men (28.2) than for
the sleepy ones (21.7). The Toronto questionnaire is an in-
verted scale: it measures severe symptoms when near zero.
As both the FSS and the Toronto scores have been shown
to be influenced by anxiety and depression (Shahid et al.,
2011) and the scores to the HAD (Depression and Anxiety
questionnaire) are significantly higher for the non-sleepy
men (7.1 and 9.0 resp.) than for sleepy men (4.5 and 6.3
resp.), the Toronto and FSS scores differences could be ex-
plained by depression and anxiety instead of differences in
sleepiness or fatigue.

Finally, sleepy men have lower alcohol dependence scores
(CAGE 0.3) than their non-sleepy counterparts (CAGE
0.7), which is consistent with their respective consumption.
No difference is shown concerning the cigarettes addiction.

6. Conclusion & Perspectives

To achieve our goal of following patients suffering from
chronic sleep disorders, we have introduced a new database
for the detection of sleepiness through voice, with an ex-
perimental set up promoting several sleepiness measure-
ments through subjective and objective components. These
measures are given for different time granularities, allow-
ing to refine the link between voice and the different types
of sleepiness (long term vs. short term, subjective vs. ob-
jective). The substitution of the usual sleep deprivation ex-
perimental set-up by the MSLT procedure to have a more
balanced dataset does not seem to have reach its full po-
tential. Further recordings selecting the patients to balance
the dataset will fix the imbalance between sleepy and non-
sleepy subjects.
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Howeyver, there are still differences observed between the
two groups (SL and NSL) over the numerous phenotypical
items collected from the patients. Besides some weakly
significant physical differences between the two groups,
this database allowed to highlight that subjective and ob-
jective sleepiness (KSS vs. MSLT and Cartoon faces vs.
MSLT) do not correlate when dealing with patients suffer-
ing from excessive daytime sleepiness. Moreover, we ob-
served that Toronto and FSS scores observed in our study
are polluted by depression (HAD-depression): this illus-
trates the joint influence of fatigue and depression over
sleepiness questionnaires. Furthermore, no difference has
been observed for numerous questionnaires (ISI, FOSQ-10,
Hobson, Barcelona). Special attention over this topic will
be paid when using questionnaires to assess sleepiness.
Further work on this database will include the recording
of targeted subjects to balance the dataset especially con-
cerning sleepy women. We will also study thoroughly the
different measurements used to assess the sleepiness level
(both objective and subjective) and their correlation. Our
next objective will be to elaborate a voice analysis system
allowing to estimate sleepiness level from voice samples.
Finally, such a system will be implemented within the vir-
tual physician.
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